Gaussian mixture analysis is frequently used to model the age-at-onset (AAO) in bipolar I disorder and identify homogeneous subsets of patients. This study aimed to examine whether, using admixture analysis of AAO, cross-sectional designs (which cause right truncation), unreliable diagnosis for individuals younger than 10 years old (which causes left truncation) and the selection criterion used for admixture analysis impact the number of identified subsets. A simulation study was performed. Different criteria -the likelihood ratio test (LRT), the Akaike information criterion (AIC), and the Bayesian information criterion (BIC) -were compared using no, left and/or right truncation simulated data. The error rate of each criterion (percentage of erroneous number of detected subsets) was estimated. An application to two real databases, including 2,876 and 1,393 patients, is provided. Without data truncation and regardless of the distribution of AAO, the LRT and the AIC had much higher error rates (12% and 33%, respectively) than the BIC (1%). For a homogeneous population, the error rate increased with the introduction of left truncation. This study shows that the number of subsets identified using admixture analysis may depend on the sample size, the selection criterion, and the study design.
| INTRODUCTION
In psychiatric disorders such as type I bipolar disorder, the age-at-onset (AAO) is frequently used to identify homogeneous subsets of patients that share similar risk factors or pathophysiological processes (Leboyer, Henry, Paillere-Martinot, & Bellivier, 2005) . To determine whether the type I bipolar population is homogeneous in regard to AAO, Bellivier, Golmard, Henry, Leboyer, and Schürhoff (2001) proposed an admixture analysis approach. The basic idea of admixture analysis is that the AAO distribution in the patient population is a mixture of distinct distributions (commonly assumed to be Gaussian) of AAO, one for each underlying subset, weighted by the relative prevalence of each subset, resulting in the so-called "Gaussian mixture model" (GMM) analysis. Several techniques can be used to determine the number of subsets in the mixture. In psychiatric applications, used techniques are primarily based on the likelihood ratio test (LRT), which is assumed to be chi-square distributed. This widely used approach (Azorin et al., 2013; Bellivier et al., 2003 Bellivier et al., , 2014 González Pinto et al., 2009; Hamshere et al., 2009; Manchia et al., 2008 ) consistently identified three different subsets in terms of the AAO of type I disorders, with slight differences in terms of mean and prevalence of these subsets (Figure 1 ).
Exploring AAO subsets of bipolar I patients aims, among other things, at determining patient profiles or predicting treatment response according to these subgroups; identifying them accurately and correctly is therefore a major issue. Furthermore some studies use AAO cutoff points defined in previously published admixture analyses studies to analyze age at onset subsets (Propper et al., 2015) . However, several methodological issues regarding this method remain understudied. First, all the aforementioned studies used crosssectional designs, including patients whose bipolar disorder has already been declared and diagnosed, with retrospective assessments of AAO.
Although the advantage of cross-sectional studies is that diagnostic confidence is very high, such a study design might lead to sampling bias that influences the estimate of the AAO distribution. In particular, because the sample is composed only of patients with confirmed diagnosis, individuals who have not declared the disease and those who have not been diagnosed with the disease yet obviously cannot be included in the study. Therefore, the AAO is lower than the age-atinterview (AAI) by construction, leading to so-called "right data truncation", with an over-representation of low AAO and an under-representation of late AAO (Figure 2 ). Moreover, episodes of bipolar disorder before the age of ten years old are difficult to diagnose accurately, particularly during retrospective interviews of adult patients (Bellivier et al., 2001; Carlson, 2011; Moreno et al., 2007) ; this difficulty results in left data truncation (Figure 2) . Second, the use of an asymptotic chi-square distribution for the LRT statistics has been criticized (McLachlan, 1987) . Other approaches based on the Akaike information criterion (AIC) or the Bayesian information criterion (BIC) also exist that could be used.
Third, in admixture analyses, any distribution can be described as a Gaussian mixture (GM) with an infinite number of subsets. Therefore, the determined number of subsets may represent a trade-off among the sample size, the departure of the distribution from normality and the method used to detect the number of subsets with no link with the real number of subsets in the population.
Thus, the use of admixture analyses for studying type I bipolar disorder raises modeling and theoretical issues. Two of them are investigated in this article: (1) left and right truncations, as described earlier, that distort the observed distribution; (2) the criterion used to determine the number of subsets. The main objective of this study was to explore how these methodological issues influence the number of subsets identified in published papers that use admixture analyses to model the AAO distribution of type I bipolar disorders.
Using simulated data, we tested the number of subsets detected in different scenarios: no, left, right, and left and right truncations. For each scenario, three different methods to identify the number of subsets were compared: the LRT with an asymptotic three-degreesof-freedom (3-df) chi-square distribution, the AIC, and the BIC. Two applications using real AAO data from the European Mania in Bipolar Longitudinal Evaluation of Medication (EMBLEM) study and from the National Epidemiologic Survey on Alcohol and Related Conditions (NESARC) study are also presented.
Consider a population made of K distinct subsets, with the AAO of subset k (k = 1, …, K) distributed according to a Gaussian distribution with expectation μ k and standard deviation σ k , and let π k be the prevalence of subset k (with ∑ K k¼1 π k ¼ 1). In this population, the AAO is distributed as a GM with a probability density f given by the sum of Gaussian density of each subset weighted by their prevalence:
where a is the AAO and N k is the Gaussian density of subset k. To achieve this, we have to, on the one hand, identify the number K of subsets of the mixture and on the other hand estimate the parameters of each underlying subsets.
When K is known, the most frequent method used to estimate the made using either the LRT between models with K and K + 1 subsets, with p-values computed from a 3-df chi-square distribution, or by minimizing the AIC, that also relies on the data likelihood but includes a penalty that is an increasing function of the number of estimated parameters.
However, both methods are known to perform badly for GMM (Delmas, 2003; Peel & McLachlan, 2000) for theoretical reasons and because of the small sample sizes. An alternate, simple, and common approach is the BIC, where the penalty term also incorporates the sample size.
| Simulation study
Assessing whether data truncation may influence the admixture analysis was done through a simulation study. The AAO law was first defined for the population, assumed to follow a GM with K = 1 (homogeneous, usual Gaussian distribution), K = 2, or K = 3 underlying subsets. The parameters of these GMs were chosen to mimic previous literature results as indicated in Table 1 . The resulting law was used to randomly generate AAO for N patients (N = 100,000). For each patient, a random AAI was also generated using a uniform distribution over given the observed age distribution of the French population.
Then, four scenarios of data truncation were applied: (1) no truncation;
(2) left truncation obtained by replacing all patients with AAO < 10 years with newly generated patients until all patients had AAO > 10 years; (3) right truncation obtained by replacing all patients whose AAO > AAI; and (4) both left and right truncations obtained by combining (2) and (3). Scenario (4) was assumed to be the closest to the Bipolar I cross-sectional studies published in the literature so far. Finally, M = 10,000 independent random samples of (n = 150, 200, 250, 300, 350, 400, 500, up to 2,000) patients were drawn from these N patients. The sample sizes correspond to the sample sizes found in articles addressing AAO.
In each of these M samples, admixture analysis (using GMM) was performed, using an EM algorithm to estimate the parameters of each subsets of the AAO distribution, assuming 1, 2, 3 or 4 subsets. The detected number of subsets, K′, was based on either one of three criteria, the LRT with an asymptotic 3-df chi-square distribution, the AIC, or the BIC, then compared to the actual number of subsets of the theoretical AAO distribution, K. The focus was on detecting the correct number of subsets, that is selecting K′ = K. The error rate of a given method was defined as the percent of erroneous number of subsets detected by the method, either higher or lower than the actual number of subsets in the 10,000 samples. All analyses were performed using the R statistical software package version 3.0.2 (available at:
http://www.R-project.org) with the R function "normalmixEM" from the package mixtools (Benaglia, Chauveau, Hunter, & Young, 2009 ).
| Application 2.3.1 | EMBLEM database
We used data from the EMBLEM study, which is a prospective observational study conducted across 14 European countries and designed to estimate the outcomes of pharmacological treatment in patients with bipolar I disorder who had been diagnosed with at least one manic or mixed episode. A total of 3,459 adult patients were enrolled. The AAO was determined retrospectively and defined by the age at which the first mood episode (manic, hypomanic or depressive) occurred.
Further details regarding the EMBLEM study have been published elsewhere (Goetz et al., 2007; Haro et al., 2006; Vieta et al., 2008) .
| NESARC database
The Wave 1 of the NESARC database is a nationally representative face-to-face survey of 43,093 respondents aged 18 years and older Gaussian mixture of three subsets μ 1 = 18, σ 1 = 3, μ 2 = 25, σ 2 = 6, μ 3 = 40, σ 3 = 10, π 1 = 0.2, π 2 = 0.3, π 3 = 0. was to describe prevalence and comorbidity of DSM-IV alcohol and drug use disorders and independent mood and anxiety disorders. The AAO was determined retrospectively and defined by the age at which the first mood episode (manic, hypomanic or depressive) occurred, that is the minimum age between first manic or hypomanic episode and first depression episode. Further details regarding the NESARC study are described elsewhere (Grant et al., 2003 (Grant et al., , 2004 . A total of 2,419 bipolar patients including 1,411 had a bipolar I disorder, were enrolled.
| RESULTS
The simulation results are summarized in Table 1 . given method to select the number of subsets.
| No truncation
In the absence of truncation, that is, in the ideal case when the data indeed come from a GM distribution, the number of detected subsets depends on the selection criterion: the chi-square LRT statistic and the AIC performed poorly in detecting the actual number of subsets compared with the BIC (regardless of whether the actual distribution was homogeneous or not). In both cases, the error rate of the chi-square LRT statistic was approximately 12%, whereas that of AIC reached approximately 33% (Table 1 ; Figure 3 and Figure S1 , Supporting Information). In contrast, the BIC error rate was at most 1%. When the LRT criterion was wrong in detecting more than one subset, it indicates mostly that a two subsets model fitted better (around 90% of the FIGURE 3 Distribution of the number of detected subsets and the false positive error rate in detecting the number of mixture subsets according to the criterion and the sample size when the age-at-onset (AAO) is distributed as a Gaussian homogeneous population (K = 1, μ = 29, σ = 11) cases), whereas the AIC detected two subsets in around 45% of the cases, three in 32% of the cases and even four in 23% of the cases.
These results were not markedly affected by the sample size (Figure 3 ).
When the true distribution was homogeneous but the estimation procedure falsely selected two subsets, these two subsets always framed the actual density, as illustrated by their mean values (approximately, 22 for the first subset and 35 for the second subset, which should be compared with 29, the mean of the actual homogeneous distribution; Figure S3 , Supporting Information). When the true distribution of AAO was composed of two subsets, the incorrect number of subsets was mostly greater than the actual number of subsets, whatever the criterion used ( Figure S1 , Supporting Information).
When the true distribution of AAO was heterogeneous and composed of three subsets, the BIC performed less well than the AIC or the 3-df chi-square LRT when the sample size was less than 500. Whereas the BIC tended to underestimate the number of subsets, the AIC tended to overestimate the number of subsets. For the BIC, the error rate decreased with the sample size, whereas the AIC was less influenced by the sample size ( Figure S1 , Supporting Information).
| Left and right truncations
Introducing data truncations heavily modified previous results. With regard to a homogeneous population (K = 1), left truncation had much more important effects than right truncation. In addition, when the sample size exceeds 500, the use of the LRT or AIC yielded the false conclusion of a heterogeneous population in more than 90% of the cases and the estimated number of underlying subsets increased with the sample size reaching for example for the AIC, four detected subsets instead of one, in around 80% of the cases when the sample size equals 2,000 ( Figure 3 ).
With regard to a heterogeneous population, comparable results
were found when considering two Gaussian subsets, although the error rates were lower, most likely because with this model, the probability of AAO < 10 years is smaller, thus diminishing the left-truncation effects.
However, all criteria error rates were still more influenced by left truncation than by right truncation ( Figure S1 , Supporting Information).
When the AAO was distributed as a GM of three subsets, left truncation did not markedly modify the error rate of the chi-square LRT statistic and the AIC. The error rate of the BIC decreased to approximately 1% when left truncation was applied and the sample size was equal to 2,000. For all criteria, right truncation did not modify the results relative to the no-truncation case ( Figure S2 , Supporting Information). Just as when no truncation applied, the BIC tended to underestimate the actual number of subsets in the GM, while the AIC tended to overestimate it.
3.3 | Applications Figure 4 shows the observed distribution of AAO ( Figure 4A ) and the best-fitting AAO mixture model according to the selection criterion ( Figure 4B ). Both the AIC and the LRT detected four subsets with similar mean ± standard deviation (and prevalence of the subset), namely 19.3 ± 2.4 years (22.0%), 27.1 ± 4.9 years (42.4%), 38.1 ± 2.9 years (5.0%) and 39.9 ± 12.1 years (30.5%). In contrast, using the BIC, the model that best fitted the observed AAO was a GM with three subsets:
19.5 ± 2.4 years (21.2%), 27.5 ± 5.7 years (45.3%), and 39.6 ± 11.7 years (33.6%). Note that the difference in the number of detected subsets appeared related to the intermediate subset (located at 27.5 years), separated into two subsets by the LRT and the AIC (at 27.1 and 38.1 years, respectively), whereas the extreme subsets (one located at 19 years and the other at 40 years) appeared relatively independent of the criterion used.
| NESARC database
Of the 1,411 subjects with a bipolar I disorder, 18 (1.3%) were excluded due to missing AAO values. Among the 1,393 remaining subjects, the median AAI was 36 years , and the median AAO was 20 years . As mentioned with the EMBLEM database, the AIC criterion and the LRT detected four subsets with the following parameters: the mean ± standard deviation, (proportion of the population) values were 17.3 ± 6.6 years (55.0%), 15.8 ± 1.9 years (9.9%), 32.6 ± 10.6 years (33.8%) and 67.7 ± 7.7 years (1.3%). Using the BIC, the model that best fitted the observed AAO was a GM with three subsets: 16.4 ± 5.7 years (60.3%), 31.1 ± 9.9 years (37.1%), and 58.7 ± 11.8 years (2.6%) ( Figure 4D ). When subjects younger than 10 years old (n = 106, 7.6%) were excluded, the admixture analysis based on the AIC criterion even detected five subsets.
| DISCUSSION
Our study investigated the admixture analysis for AAO in bipolar type I disorders. We showed that characteristics of the data due to a crosssectional design or lack of reliable diagnosis accuracy in childhood that result in right and left data truncation are likely to have a major impact on the number of detected subsets.
Such admixture analyses based on cross-sectional designs have been widely applied in other settings, notably type II bipolar disorders (Bauer et al., 2010; Ortiz et al., 2011; Tozzi et al., 2011) (Zhu et al., 2012) . Given that large prospective follow-up studies are difficult to conduct and must address non-specific premorbid psychopathologies and diagnostic uncertainty, crosssectional designs are particularly popular in psychiatry. In contrast with the influence of right truncation induced by this cross-sectional sampling, which remains somewhat low, at least in our model, the left truncation of patients aged less than 10 years old was more influential on the results of the admixture analysis. This result suggests that such a situation violates the assumption of an underlying mixture of Gaussian subsets because the first subset is left-truncated as a result of the low likelihood of diagnosis in childhood (Delmas, 2003; McLachlan, 1987) .
Whether this impossibility is a consequence of our limited ability to accurately diagnose bipolar disorders in youth or refers to the low frequency of this disease in children remains an open issue.
From a practical point of view, our study shows that both of the most frequently used criteria to select the number of subsets in this setting, namely the 3-df chi-square LRT and the AIC, tend to overestimate this number. Given that the 3-df chi-square LRT is the leading method in admixture analysis among populations with bipolar I disorder, these results raise an issue regarding previously published findings. Our results suggest that the BIC should be preferred especially if the sample size is small and two subsets are suspected, as also reported by a recent study of admixture analysis in the same setting (Li et al., 2014) and in other settings (Preacher, Zhang, Kim, & Mels, 2013) .
Some limits to our study can be noted. First, we used some heterogeneous GM distributions in various scenarios with different parameters for the location and dispersion (for example, choosing the larger of two differences between mean parameters of two subsets, thus possibly making it easier to detect distinct subsets) among the infinitely potential distributions; other choices may have possibly modified the results; note that with AAO in bipolar I disorder, possibly the most difficult case occurs when there is only a small difference between the mean parameters of distinct subsets. Secondly, we generated left and right data truncation using a uniform distribution of AAI that was assumed to be close to the distribution of age of the French population (except for children younger than 10 years old, excluded from the sampling); nevertheless, the data truncation phenomenon in studying bipolar I disorder is possibly more complex than those simulated in this paper. Of note, estimation of AAO distributions in disorders with variable onset have been studied (Heimbuch, Matthysse, & Kidd, 1980) but only taking into account right truncation and assuming a Gaussian distribution and never to our knowledge assuming GMMs nor left truncation which appears to have a stronger impact on the number of detected subsets than right truncation. Moreover, we showed that, when left and right truncations scenario -data structure scenario which seems to be the closest scenario to the one of studies in bipolar I disorder -was applied, truncation had an impact on the number of detected subsets. Third, we considered only Gaussian AAO distributions, either homogeneous or not, though this assumption may not hold. Further research is needed to explore which AAO distribution is the most appropriate. Moreover, determining retrospectively AAO is not straightforward and can suffer from recall bias and inaccurate determination of AAO; for example in other domain such as cigarette smoking reported age of onset can suffer from "forward telescoping" (Johnson & Schultz, 2005) . Nevertheless, existence of these biases,
should not change the result of the paper, which is that admixture analysis of AAO is more sensitive to the sample size, the characteristics of the data and the criterion used to define the number of subsets than on the underlying number of subsets. These biases, distorting the underlying distribution, only worsen the situation. As shown by the considerable number of articles on this topic, the question of identifying subsets of bipolar I disorder subjects remains particularly relevant to help with the identification of specific pathophysiological processes in bipolar I disorders. The majority of studies in the literature were consistent with the identification of three subsets of patients regarding AAO of bipolar I disorders; however, we need to carefully interpret these results because they could be more closely related to the sample size, the sampling design, or the choice of criterion rather than the existence of three truly different clinical-phenotype subsets of patients.
González Pinto et al. (2009) already pointed the fact that even if they found, using admixture analyses, three subgroups of patients regarding AAO, clinical analysis showed that the early and intermediate onset groups had no significant differences for any of the clinical variables studied, which according to them was in favor of the existence of two different AAO groups instead of three. Moreover, Consoli et al.
(2007) identified a GM of two AAO subgroups using admixture analysis which may be explained in part by the population sample which was different from other studies including patients with Cotard's syndrome with comorbid bipolar disorder but probably also by the very small sample of the study (n = 27), in fact too small to allow fitting any model with more than two subsets. Our simulated results indeed already showed that the number of detected subsets depends on the sample size (Consoli et al., 2007) . Thus, future studies that model AAO in bipolar I disorder using admixture analyses should critically consider the interpretation of their results, especially regarding the number of identified subsets. They should also discuss the criterion used to determine the number of subsets and the potential impact of the structure of the data (such as data truncation). Finally-and unfortunately-it appears unreasonable to conduct birth cohorts to avoid any truncation of data because bipolar disorder is rare, and the AAO varies widely among patients. Thus, methods to account for data truncation in this setting should be developed.
In summary, this study noted that for admixture analyses applied to psychiatric settings, the use of the LRT with a chi-square distribution and the use of AIC as selection criteria should be avoided. It also suggests that rather than a sampling procedure based on a crosssectional survey, the lack of diagnosis in childhood may artificially result in heterogeneity.
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